The common versions (referred to as self-calibrated here) of the Standardized Precipitation Index (SPI) and the Palmer Drought Severity Index (PDSI) are calibrated and then applied to the same weather series. Therefore, the distribution of the index values is about the same for any weather series. We introduce here the relative SPI and PDSI, abbreviated as rSPI and rPDSI. These are calibrated using a reference weather series as a first step, which is then applied to the tested series. The reference series may result from either a different station to allow for the interstation comparison or from a different period to allow for climate-change impact assessments. The PDSI and 1-24 month aggregations of the SPI are used here. In the first part, the relationships between the self-calibrated and relative indices are studied. The relative drought indices are then used to assess drought conditions for 45 Czech stations under present (1961Czech stations under present ( -2000 and future climates. In the present climate experiment, the drought indices are calibrated by using the reference station weather series. Of all drought indices, the PDSI exhibits the widest spectrum of drought conditions across Czechia, in part because it depends not only on precipitation (as does the SPI) but also on temperature. In our climate-change impact experiments, the future climate is represented by modifying the observed series according to scenarios based on five Global Climate Models (GCMs). Changes in the SPI-based
Introduction
Droughts are considered to be amongst the cumulative climate hazards (Oliver 2005) . Generally, drought originates from a deficiency of precipitation over an extended period of time, usually a season or more. Drought is a slow-onset disaster and its effects often accumulate slowly over a considerable period of time. Drought affects many regions of the world and is the costliest climatic hazard globally (Wilhite 2000) . As a result, some of the affected countries pay a great deal of attention to this phenomenon and employ various tools for monitoring and forecasting it (e.g., U.S. Drought Monitor, located at http://www .drought.unl. edu/dm/monitor.html, Svoboda et al. 2002) .
In assessing recent changes in climate and projected climate change for the forthcoming decades, the 3rd IPCC report on climate change (Houghton et al. 2001) states that increased summer drying over most midlatitude continental interiors and the associated risk of drought was likely in the 20th century (based on observations) and is assumed to continue into the 21st century [based on Global Climate Model (GCM) simulations]. This drying is expected to have many undesirable effects such as decreased crop yields, increased damage to building foundations caused by ground shrinkage, decreased water resource quantity and quality, and increased risk of forest fire (McCarthy et al. 2001 ).
An increasing trend in drought is indicated in studies made by Brunetti et al. (2002; Italy) , Bonaccorso et al. (2003; Sicily) , Piccarreta et al. (2004;  southern Italy), Watson et al. (1997; Mediterranean region) , Vicente-Serrano et al. (2004; eastern Spain) , Smith et al. (1996; central Europe) , and Trnka et al. (2008; Czechia) . Dai et al. (2004) found that the very dry areas (defined in terms of the PDSI) around the globe have more than doubled since the 1970s. On the other hand, Lloyd-Hughes and Saunders (2002) , who developed a drought climatology for Europe, found only insignificant changes in extreme and/or moderate drought conditions during the 20th century. A similar outcome was obtained by van der Schrier et al. (2006) , who used the self-calibrated PDSI (see below for an explanation) and found that trends in summer soil moisture availability over Europe for the period fail to be statistically significant, both in terms of spatial means of the drought index and in the area affected by the drought. Based on analysis of 600 daily streamflow records from Europe, Hisdal et al. (2001) claims that it is not possible to conclude that drought conditions in general have become more severe or frequent. Although no significant changes were detected for most stations, they found distinct regional differences for trends: drought deficit volumes increased in Spain, eastern Central Europe (including Czechia and Slovakia), and large parts of the United Kingdom, but decreased in Eastern Europe and Central Europe. They admit that the changes may be partly due to artificial influences in the catchments.
With projected global temperature increases, it is generally agreed upon that the global hydrological cycle will intensify and the extremes will become, or have already become, more common (Hisdal et al. 2001 ). The recent GCM-based projections of the future climate suggest significant changes in temperature and precipitation patterns (Houghton et al. 2001) . For large regions of the world, the models predict an increase in temperature coupled with a precipitation decrease, which will lead to further increases in drought risk in those regions. Specifically, considering the projected increases in temperature over Central Europe along with a slight gain in precipitation amounts in both the winter and spring months (and decreases in summer months) (Dubrovský et al. 2005) , it is very likely that the frequency of drought occurrence and its severity will increase in Central Europe and the impacts associated with these events will be exacerbated. Jones et al. (1996;  cited by Vicente-Serrano et al. 2004 ) predicted that by the end of the 21st century, Europe will face increases in the intensity, duration, and spatial extent of drought in the Mediterranean basin.
There exists no precise definition for drought, and any such definition should be based on particular needs, which are sector-and region-specific. Generally, four types of drought are recognized (Heim 2002) : (1) meteorological drought; (2) agricultural drought; (3) hydrological drought; and (4) socioeconomic drought. Meteorological drought usually relates to the departure of precipitation from its normal over some period of time. Agricultural drought also accounts for soil moisture, and hydrological drought typically covers water resources (supply) in the form of streamflows, groundwater, and reservoir levels. Socioeconomic drought is associated with the supply and demand of some economic good, with elements of the three previous types of drought.
Numerous drought indices have been developed to characterize drought (for reviews, see, e.g., Keyantash and Dracup 2002; Heim 2002) . Of these, the most common indices used worldwide include the Standardized Precipitation Index (SPI) (developed by McKee et al. 1993 ) and the Palmer Drought Severity Index (PDSI), developed by Palmer (1965) . Complete descriptions of the equations can also be found in Alley (1984) .
The Standardized Precipitation Index is the transformation of the precipitation amount aggregated over a selected period (commonly 1 to 24 months) into a standardized normal distribution. It has been used in many studies (e.g., Lana et al. 2001; Hayes et al. 1999; Seiler et al. 2002; Vicente-Serrano et al. 2004; Rouault and Richard 2003) and has become an important component in many drought-monitoring efforts (i.e., the U.S. Drought Monitor, located at http://drought.unl.edu/dm, and the North American Drought Monitor, located at http://www.ncdc.noaa.gov/oa/ climate/monitoring/drought/nadm). A May-July SPI series for Turkey was reconstructed from tree rings by Touchan et al. (2005) for the period and then used to analyze dry and wet events. Lloyd-Hughes and Saunders (2002) developed a high spatial resolution, multitemporal SPI-based climatology of Europe; they also pointed out advantages and disadvantages of this index. SPI maps are operationally available for the U.S.A. at http://www. drought.unl.edu/monitor/spi.htm.
While the SPI is based solely on precipitation, the PDSI requires temperature and characteristics of the soil, in addition to precipitation, for a generic two-layer soil water balance model. Despite its many limitations (described in detail by Alley 1984, and Karl and Knight 1985) , including frequent criticism for the complexity and untransparency of the index, the PDSI has become one of the most widely used drought-assessment tools (Byun and Wilhite 1999; Szalai and Szinell 2000; Szinell et al. 1998; Zou et al. 2005) . Dai et al. (2004) derived a global gridded monthly PDSI dataset for 1870-2002 and found that the PDSI is a good proxy for both surface moisture conditions and streamflow. Wells et al. (2004) introduced the self-calibrated PDSI (scPDSI), in which the empirical constants of the computational algorithm are replaced with values dynamically calculated from the local input weather series (in contrast with the original algorithm, in which the constants are based on a small number of stations from different climates). This modification affects the distribution of the index values, so that it falls bellow −4 with about 2% probability as well as exceeds +4 with 2% probability. Van der Schrier et al. (2006) derived the time series and maps of scPDSI for Europe from the gridded temperature and precipitation data (0.5° × 0.5° resolution) compiled by the Climate Research Unit (Mitchell and Jones 2005) . Historical PDSI maps for the conterminous U.S. are available on the web at http://www.drought.unl .edu/whatis/palmer/pdsihist.htm. Historical PDSI time series were reconstructed from tree rings by Woodhouse and Brown (2001) for eastern Colorado and then used for historical drought assessments (Woodhouse et al. 2002) .
Depending on the time scale of the SPI, this index may be closely correlated with the PDSI. Lloyd-Hughes and Saunders (2002) found that the correlation between SPI and PDSI reaches a maximum (0.73) using a 9-to 12-month aggregation. Similarly, Redmond (2002) found a high correlation of PDSI with SPI aggregated over 6 to 12 months. Bordi and Sutera (2001; cited by Bonaccorso et al. 2003) have shown that the main patterns of drought variability obtained by using the PDSI and 24-month SPI compare favorably.
The values of SPI and PDSI may be converted into drought categories that express drought severity with respect to normal conditions at a given site. For the SPI, the categories span from extremely dry (SPI ≤ −2) to extremely wet (SPI ≥ 2), with normal falling within (−1, +1) (http:// www.drought.unl.edu/whatis/indices.htm). For the PDSI, the categories go from extreme drought (PDSI ≤ −4) to extremely wet (PDSI ≥ 4), with near-normal conditions being indicated by PDSI ∊ < −0.5, +0.5 > (http://www.drought.unl.edu/whatis/ indices.htm).
Drought may also be defined by other characteristics, such as periods with precipitation lower than a given threshold-e.g., 0.1 mm (Martin-Vide and Gomez 1999; Brunetti et al. 2002) -or by dry spells, where a dry spell is defined as a period in which the daily precipitation amounts do not exceed a given threshold. Vicente-Serrano and Begueria (2003) give an excellent summary of the methods, including the list of possible thresholds. Fifteen consecutive days with rainfall less than 0.25 mm, or 0.1 mm, are required (Heim 2002) to indicate a drought in Britain.
Vicente-Serrano and Begueria (2003) point out that drought indices are not as useful in identifying spatial patterns of drought risk since they are based on standardized or normalized shortages in relation to "average conditions," which relate to a given station and a given period. This holds true for both the SPI and the PDSI indices. As a result, the frequency of drought spells is about the same for all stations no matter if they lie in extremely arid or extremely rainy regions, even though the rainy sites may receive several times more rain than the arid sites. Similarly, these indices cannot be used in climate-change impact assessments, as they would provide approximately the same distributions for both present and changed climates regardless of the changes in the climatic conditions. To allow for comparisons of drought conditions in different locations, Vicente-Serrano and Begueria (2003) prefer to define dry spells as a continuous period with daily precipitation less than or equal to 0.1 mm or 5 mm. They also provide many references to studies made by other authors who used a similar approach but having different thresholds.
The main aim of this paper is to introduce the relative SPI and PDSI indices, and to use them for assessing possible impacts of the forthcoming climate change on drought characteristics in Czechia. The new versions of both indices are called the "relative drought indices." They can be used for between-station comparisons, making them potentially useful in any spatial analysis of drought conditions. The relative indices are first calculated using monthly weather series from 45 Czech stations to assess present climate drought conditions. To assess future climate drought conditions, the drought indices are then derived from weather series obtained by modification of the observed series according to five GCM-based climate-change scenarios.
Data

Station weather data
The climate of Czechia is generally temperate. According to the Kőppen classification (Oliver 2005, p. 218), the majority of its territory is classified as Cfb, which changes to Dfb and Dfc with increasing altitude (Tolasz et al. 2006) . The Cfb climate implies at least 30 mm of precipitation each month, with the warmest month's average temperature being below 22°C but having at least 4 months with an average temperature above 10°C; Dfb and Dfc differ from Cfb by having lower temperatures. The continentality of the climate increases from west to east, which is reflected in the increasing amplitude of the annual temperature cycle in a zonal direction (0.13 ± 0.04 K per longitude degree). The driest climates are found in the Central Bohemian basin and in the southeast, the latter region also being the warmest in Czechia. However, the spatial variability of the climate is mostly due to orography, with the largest degree of variability of most climate characteristics being related to altitude.
The present analysis is based on 40 years 
GCM-based climate-change scenarios
To assess the impact of climate change on drought conditions in Czechia, we used outputs from the GCM simulations, which were utilized in the IPCC's Third Assessment Report (Houghton et al. 2001) . The model outputs were downloaded from the IPCC Data Distribution Center (http://cera-www.dkrz.de/IPCC_DDC/SRES/index. html). Of the available GCM outputs, we employed (i) only simulations made using the SRES-A2 emission scenario, which assumes the highest CO2 emissions when compared to the other SRES scenarios, and (ii) only five GCMs, whose output series include the 1961-2099 period: CSIROMk2, CGCM2, GFDL-R30, HadCM3, CCSR/NIES. All GCMs included in the analysis are coupled models incorporating ocean circulation. The horizontal resolution for the atmospheric part of the model ranges from 2.8 to 7.5° in the zonal direction and from 2.25 to 5.6° in the meridional direction. The details of the models may be found on the IPCC's web page, given above. The climate-change scenarios were derived from the GCM-simulated monthly time series as a difference (for temperature) or ratio (for precipitation) between the monthly means of the end-of-21st-century series (2060-2099) and end-of-20th-century series . The scenarios were interpolated (from the surrounding grid boxes) to a location defined by latitude = 49.5°N and longitude = 16°E, which is close to the center of Czechia. Since the variability of the climate-change scenarios over the Czech territory is much smaller compared to the inter-GCM variability (Dubrovsky et al. 2005) , we used the same set of climate-change scenarios for all stations. To obtain a monthly series that would represent the changed climate for a given station (and would be used as input into the SPI and PDSI indices), the scenario increments displayed in figure 3 were added to the individual observational station series. . The GCMs were run using the SRES-A2 emission scenario, and the climate-change scenarios are interpolated for a location defined by latitude = 49.5°N and longitude = 16°E, which is close to the center of Czechia.
Methods
The SPI
The Standardized Precipitation Index (SPI) is the transformation of a given precipitation amount aggregated over a selected period (commonly 1 to 24 months, where the shorter time scales may represent agricultural drought and the longer time scales relate better to hydrological drought) into a standardized normal distribution (http:// drought.mssl.ucl.ac .uk/spi.html). A gamma distribution is commonly used to approximate the observed probability distribution function of the precipitation amount. Methods of estimating the parameters of the distribution were reviewed by Lloyd-Hughes and Saunders (2002) and the effect of the length of the precipitation record on the SPI was analyzed by Wu et al. (2005) and Guttman (1994) . Other distributions may also be used. For example, the Poissongamma distribution was used by Lana et al. (2001) , a log-normal distribution was discussed by Lloyd-Hughes and Saunders (2002) , and Guttman (1999) used an L-moment analysis and found the Pearson III distribution to be the best, followed by the gamma distribution. The present version of SPI uses a gamma distribution whose parameters are estimated separately for each of the 12 months of the year. Having the gamma distribution parameters estimated from the input precipitation series, precipitation amounts (PREC) are transformed into probabilities and then run through the SPI: SPI = F −1 [G(PREC)]; where G is the cumulative gamma distribution and F −1 is the inverse standard normal distribution. Because of common problems in fitting the tails of the distributions, the SPI values which fall outside the (−2, +2) range should be used with care. Five temporal aggregations are used here: 1 month, 3 months, 6 months, 12 months, and 24 months; the corresponding indices are denoted as SPI-1, SPI-3, SPI-6, SPI-12, and SPI-24.
The PDSI Palmer published his method for calculating the PDSI in 1965 (Palmer 1965) . Unlike the SPI, the PDSI is based on more than just precipitation. The PDSI actually uses a supply and demand model for the amount of moisture in the soil. The value of the PDSI is reflective of how the soil moisture compares with normal conditions. A given PDSI value is calculated by using a combination of the current conditions along with previous PDSI values, so the PDSI also reflects the progression of trends to determine whether it is in a dry or a wet spell. That means that a single PDSI value is not representative of just the current conditions but also of recent and antecedent conditions to a lesser extent. The algorithm used here for calculating the PDSI is described at http://nadss.unl.edu/PDSIReport/pdsi/selfcal.html. This version coincides with the self-calibrated PDSI, in which the following parameters of the PDSI model are derived from the input weather series: (1) duration factors; (2) climatic characteristics (parameter K′, and 2% and 98% percentiles of the "first-round" PDSI); (3) water balance coefficients (α, β, γ, δ); and (4) the Thornthwaite heat index and Thornthwaite exponent used in calculating the evapotranspiration. Station-specific soil water-holding capacities were determined from the soil map of Czechia (Tomasek 2000) .
Self-calibrated vs. relative indices
It follows from the above discussion that the process of calculating both SPI and PDSI series consists of two steps: in the first step, parameters of the model are calculated; in the second step, the values of the drought index are determined. In the case of the selfcalibrated SPI and PDSI, the same weather series (precipitation series for SPI; precipitation plus temperature series for PDSI) is used in both steps. This relates to the fact that these indices are designed to express drought severity with respect to normal conditions at a given site. The result of the self-calibration process is that the range of either drought index is about the same for each station and/or period represented by the input weather series (SPI is within < -2, +2 > with about 95% probability, and PDSI is within < −4, +4 > with about 96% probability), and therefore these indices cannot be used for between-station comparisons of absolute drought conditions, nor for between-period (essential in assessing the potential impacts of climate change) comparisons. For example, a SPI of +2 for a station in an arid area represents completely different drought conditions than the same value for a station in precipitation-rich area. Being inspired by Wells et al. (2004) , we shall call these indices (both SPI and PDSI) the self-calibrated indices.
In our paper, we introduce the relative indices, which can be used either to compare drought conditions at different sites during a given period or to compare drought conditions for a single site during different periods. The relative indices differ from the selfcalibrated indices by using two different weather series in the two-step process. In the first step, the model of the drought index is calibrated using the reference weather series, which may either relate to some reference station (in between-station comparisons), or to a reference period (in between-period comparisons). Having calibrated the model, it is then applied to the second series, hereafter called the tested series. The tested series relates either to the different station (to compare the drought conditions in that station with respect to the reference station) and/or to the different period (to compare drought conditions in that period with respect to the reference period). Alternatively, we use the reference series created by aggregating data from a set of stations in our analysis. In this case, the resultant reference series represents a wider spectrum of precipitation-temperature situations, which should make the model applicable for a wider spectrum of climatic conditions. From now on, we shall denote the two relative drought indices as rSPI and rPDSI, while scSPI and scPDSI will be used for the self-calibrated indices. SPI and PDSI symbols will be used when both types of the indices are under question or when we discuss the properties that are common for both the self-calibrated and relative indices.
The executable models for the relative indices were obtained by modifying the original self-calibrated indices available from the University of Nebraska-Lincoln (Computer Science and Engineering, and National Drought Mitigation Center). The original version of the PDSI is described in Wells et al. (2004) .
Drought spells may be identified from the time series of the drought index values. In the present analysis, the SPI-based drought spell is defined as a continuous period in which the SPI is always below 0 and its minimum value falls below −1. The PDSI-based spell is the period in which the PDSI is always below -1 and its minimum value falls below -3. The definition for drought spells was inspired by Huth et al. (2001) , who defined heat and cold waves using two temperature thresholds. We should note, however, that other authors often use a single-threshold definition for drought spells, whether using the SPI or PDSI (Lloyd-Hughes and Saunders 2002; Zou et al. 2005) . Having defined the respective drought spells, we might derive their various characteristics (e.g., duration and intensity), but for our purposes we shall study only one characteristic here: the number of months which are included in a drought spell. Figure 4 demonstrates the temporal structure of the time series of drought indices derived from the present climate precipitation data. Note how the intermonthly variability of scSPI decreases as the time aggregation increases. Of all time aggregations of scSPI studied here, the correlation with scPDSI (correlation coefficients are displayed in fig. 4 ) reaches its maximum for the 12-month scSPI. This corresponds to the results obtained by other authors already cited in the introduction (Lloyd-Hughes and Saunders 2002; Redmond 2002; Bordi and Sutera 2001) . In general, the trends in individual SPI indices are statistically insignificant (not shown here), which relates to the insignificant trend in annual precipitation (−1 ± 11 mm per 10 years for the annual precipitation sum averaged over the 45 stations, −3 ± 15 mm per 10 years for the Svratouch station shown in fig. 4 ). In contrast, the PDSI trends exhibit a statistically significant negative trend (−0.54 ± 0.07 per 10 years), indicating increased drought risk, which is related to the increasing temperature trend (0.3 ± 0.1 K per 10 years for the annual temperature averaged over the 45 stations as well as for the Svratouch station). These results (trends and correlations between indices) are very similar for the other stations used in our analysis. Figure 5 displays the relationship between the scSPI and rSPI. The latter was calibrated using either weather series from a single reference station (empty circles marked as "wrt Hradec") or data aggregated from all stations (rectangles marked as "wrt ALL"); examples of a 1-and 12-month rSPI for the Lysa hora station are shown. In both calibration approaches the relationship is near-linear for each single calendar month, but the regression lines (not shown in the figure) differ somewhat for individual months (especially in the "wrt Hradec" series, whose values for June and November are marked by symbols in the figure) . The latter situation is explained by the fact that the SPIs are calibrated separately for each month. Note that the values of rSPI are higher than those of scSPI, which indicates that the precipitation sums in the tested station (Lysa hora) are larger than those of the reference station. Because of the computational problems with approximating the extreme values with the gamma distribution, the values of the SPI had to be limited within some finite bounds. These bounds were selected (subjectively by the programmer) to be −5.55 and +5.55 (the upper bound values occur in the "wrt Hradec" series shown in fig. 5 ); this implies that the normally distributed value would fall outside this interval with 3 × 10 −6 % probability. The fitted distribution does not clearly provide an accurate approximation of the distribution function tails, thus the values close to the upper or lower limits merely indicate that the precipitation is very small or very large. Occurrence of the beyond-limits values in the relative index series indicates that the precipitation sums are far above (or below) the values found in the reference station series. As was expected, when calibrated with all-station data, the rSPI values do not exceed these limits. The nearly perfect linear relationship between the self-calibrated and relative SPIs implies that the time series of three versions of the SPI (self-calibrated, calibrated with single station, and calibrated with an aggregate of several weather stations) are in parallel (see the top and middle panels in fig. 6 ) and exhibit the same temporal structure. In fact, they differ only in their bias and the scale factors, except for the middle series in the middle panel. In this case, the rSPI values often reach the upper limit and then remain unchanged for many consecutive months, thereby providing no information on the evolution of the dry/wet conditions. However, except for this limitation, all three versions of the SPI provide similar information applicable for monitoring the evolution of droughts. The relationship between the self-calibrated and relative SPI for Lysa hora station. The SPI is calibrated using station data from Hradec Kralove ("wrt Hradec" series; circles marked with symbols x and + relate to November and June) and an aggregate of data from all stations ("wrt ALL" series).
Results
Relative vs. self-calibrated indices
Figure 6. Time series of the self-calibrated ("self-cal") and relative (single-station calibrated = "wrt Hradec," all-station-calibrated = "wrt ALL") SPI-3, SPI-12, and PDSI for the Lysa hora station.
The corresponding graphs for the PDSI look much more complicated. The correlation between the self-calibrated and relative PDSI is not as close ( fig. 7) , and consequently the time series of scPDSI and rPDSI (note the bottom panel in fig. 6 ) do not align as nicely when compared to the SPI. Fortunately, the information on the relative changes (decreasing or increasing trends) is generally present in the time series of the rPDSI calibrated using a single-station weather data approach. In the case of the rPDSI calibrated utilizing allstation data, the time series is very noisy and therefore the information on the intermonthly changes in drought conditions and short-term trends provided by such rPDSI does not satisfactorily correlate with the information provided by the scPDSI. However, the mean climatological (e.g., 40 years used here) value of this rPDSI might be used to assess mean drought-climatology conditions. We have found only small differences in drought trends derived using single-station and all-station-calibrated rPDSI values. Two features are worth noting:
1) The relationship between the self-calibrated and relative PDSI shown in figure 7 exhibits a vivid "discontinuity" when scPDSI values are around zero. The discontinuity is related to the presence of sudden drops or increases toward close-to-zero values in the scPDSI series (also found in fig. 6 ). These abrupt changes are due to the "backtracking" procedure involved in the underlying PDSI model. This procedure accounts for the probability of the current spell ending by switching between three intermediate PDSI values. Seemingly, if the tested station is too wet or too dry with respect to the reference station, the model takes the whole series to be either a single wet or dry spell and no switching is applied.
2) Both scPDSI and rPDSI series always starts with a zero value and it takes several months before the index reaches a meaningful value. This spin-up time in the rPDSI series increases with increasing differences between the tested and reference series. For example, 6-8 months are needed in figure 6 before the rPDSI (calibrated with a single reference station) starts to run parallel with the scPDSI. Figure 7 . Relative vs. self-calibrated PDSI for the Lysa hora station. rPDSI is calibrated using single-station data ("Hradec") and all-station data ("ALL").
Impact of climate change
The present climate drought conditions for the 45 stations are shown in figure 8 in terms of the relative indices. The indices were calibrated using an aggregate of all station data, and then applied separately to each single station. For the rSPI, this figure shows that the sensitivity of the index increases as the time-aggregation period increases. This increasing sensitivity is manifested by a decreasing number of stations having a drought month frequency higher than zero and lower than 100%. In the case of rSPI-24, five stations exhibit 100% frequency of drought months and 15 stations encounter no drought months, which may seemingly lessen the applicability of such drought spell definitions for these stations. The sensitivity of the index is related to the ratio of variability of a single-station rSPI to the between-station variability of rSPI means. As the variability of the precipitation sum decreases with increasing time aggregation, this ratio also decreases, which implies that the time series for an increasing number of stations are classified to be either in a single drought spell or a single nondrought spell. In this context, the rPDSI exhibits the greatest sensitivity of all indices, which is probably due to its dependence on both temperature and precipitation. Figure 2 shows that the drier (wetter) stations mostly encounter warmer (colder) temperatures. As a result, inclusion of the temperature generally amplifies drought conditions in low precipitation stations and exaggerates wet conditions in the higher precipitation stations. This makes the spectrum of rPDSI-based drought conditions wider (compared to rSPI), and consequently a larger number of stations tend to be either always dry or always wet (see fig. 8 ). One may also note that the percentage of drought months is nearly the same in all four seasons, which is due to calibration being made separately for each month of the year.
In assessing the impact of forthcoming climate change on drought conditions for these 45 stations, the characteristics of the drought indices derived from the future-climate monthly weather series (obtained by the direct modification of the present observed series) are compared with those derived from the station observational monthly weather series. Since the SPI is based only on precipitation, the changes in rSPI-1 and rSPI-12 (figs. 9 and 10) closely follow the precipitation changes prescribed by the climate-change scenarios shown in figure 3 . For example, a projected increase in winter precipitation implies an increase in rSPI-1 (top-left panel in fig. 9 ) with a decreasing frequency of rSPI-based dry months (top-right panel in fig. 9 ). Conversely, a decrease in summer precipitation implies a decrease in rSPI-1 (middle-left panel) with an increasing frequency of rSPI-based dry months (middle-right panel). For a whole year, slight changes in the annual precipitation sum imply slight changes in the annual rSPI characteristics (bottom panels). Figure 10 shows that the rSPI-12 is less affected by climate change when compared to rSPI-1 ( fig. 9 ). This relates to the fact that the rSPI-12 transforms 12 months of precipitation; therefore its mean annual cycle is diminished and the changes in any month or season of the year are nearly the same and very slight since they are closely correlated with the annual precipitation, which is projected to exhibit only subtle changes. In contrast to the rSPI, the changes in the rPDSI are due to changes in both precipitation and temperature. Figure 11 shows that the drought risk indicated by the mean value of rPDSI will significantly increase in both winter and summer under each of the five GCMbased scenarios. In summer, the increase in drought risk due to decreased precipitation will be augmented by increasing temperature. In winter, the effects of the temperature rise and decreasing precipitation will act in opposite directions, but the effect of increased temperatures will dominate. Because of the persistence of the drought index (note in fig. 4 that some dry or wet periods can last for several years) with no apparent annual cycle being involved, the difference between the summer and winter changes is small. The most significant effect of climate change on the rPDSI values is found in the CCSR/NIES scenario, which exhibits the most significant temperature rise ( fig. 3) . Figures 9-11 may be used to make assumptions about the shifts of the Czech stations' drought conditions due to climate change. For example, in summer under the CCSR/NIES scenario, nearly 70% of stations may encounter drier (in terms of mean rPDSI values) conditions compared to the driest station under the present climate ( fig. 11 ). This shift is, however, lower in other GCMs (because of lower temperature increases) as well as in the case of the rSPI index, which is affected only by precipitation changes. In summer, the shift in rSPI-1 is large but the shift in winter is found to be in the opposite direction (toward wetter conditions) so that the shift in the annual mean of rSPI-1 (as well as of rSPI-12) is very small. Our results may suggest that the growing season will be negatively affected by more frequent summer droughts.
Another approach to assessing the effect of the predicted climate change on drought risk is depicted in figure 12 . In contrast to previous experiments, where the indices for each station were calibrated with observational data aggregated from all stations, the drought indices are now calibrated using a given station's data and then applied to the futureclimate weather series obtained by modification of the observational data according to the climate-change scenario. Thus, figure 12 displays the future-climate drought conditions in terms of rSPI-1 and rPDSI, both being calibrated with the present-climate weather series. The left panels show the average values of the two indices and the right panels show how the number of drought months will increase under the climate-change scenario. While the average values of the self-calibrated indices are close to zero (the between-station differences in the average values of the two drought indices are not considered to be significantly different from zero) as a consequence of the self-calibrating procedure, the average values of the future-climate drought indices show that: (a) rPDSI values will be much lower (under all climate-change scenarios), resulting in a large increase in drought month occurrences with the percentage of months falling within drought spells approaching 100%; (b) the average rSPI-1 values will rise in winter by 0.04 (under the GFDL scenario) to 0.6 (CCSR/NIES scenario) as a consequence of the precipitation increase during this season, resulting in a decrease of drought month occurrences by a few months in the GFDL scenario up to approximately 50% in the CCSR/NIES scenario; and (c) in summer, the rSPI-1 will decrease in all but the GFDL-based scenario as a consequence of the precipitation decrease. The decrease of rSPI values will result in an increase of drought month frequency, which will more than double under the HadCM3 and CCSR/NIES scenarios. Overall, the message in figure 12 is similar to those of previous figures related to the rSPI-1 ( fig. 9 ) and rPDSI ( fig. 11) . However, while the latter figures allow for between-station comparisons of drought conditions, figure 12 shows how the values of drought indices will change in the future in terms of the present-climate conditions. Figure 12 . Left: average value of the rSPI-1 (top: winter; middle: summer) and annual rPDSI (bottom) for the changed climate; the indices were calibrated with the weather series observed at the given station. Right: percentage of months within the drought spells.
Conclusions
PDSI and SPI drought indices were used in the present paper to assess drought conditions in Czechia under both present and future climates. Of the five time aggregations of SPI (ranging from 1 month to 24 months), the 12-month SPI exhibits the closest correlation with the PDSI. Since the self-calibrated drought indices (both scSPI and scPDSI) cannot be used in assessing climate change, the relative drought indices, rSPI and rPDSI, were defined and utilized in this paper. These indices are calibrated using the reference series as a first step and are then applied to the other weather series. As a result, the relative indices allow for the comparison of drought conditions in the latter series with respect to the reference series. This feature may be used to compare drought conditions at different locations or to compare drought conditions at one site, but for different periods. In our experiments, the drought indices were calibrated by using precipitation and temperature data either from a single reference station, or aggregated from all stations. Comparisons between the relative and self-calibrated drought index series shows that:
i. The rSPI is highly correlated with the scSPI. In fact, the time series of the two types of SPI are in parallel to one another so that except for the absolute value, the information provided by them is the same. Specifically, both indices give the same information on trends or intermonthly variability in drought conditions.
ii. The rPDSI calibrated with a single station is also closely correlated with scPDSI, but the correlation is not as close as in the case of SPI and therefore some drought characteristics (e.g., duration of the drought spell) may differ. The calibration using allstation weather data deteriorates the information provided by the rPDSI even more significantly; the temporal structure of the resultant rPDSI significantly differs from the structure of the scPDSI series. This implies that drought spells estimated from the rPDSI calibrated in this way would be quite different from those identified in the scPDSI series (even after correcting the rPDSI series for the systematic bias).
The relative indices were then used to compare the present climate drought conditions at 45 Czech sites ( fig. 8 ) and to assess the potential impact of forthcoming climate change on droughts and their characteristics in Czechia. The former experiment shows that:
iii. For the rSPI, the sensitivity, which is related to the ratio of variability of a singlestation SPI to the between-station variability of SPI means, increases as the timeaggregation period increases. The increasing sensitivity is manifested by an increasing number of stations having a drought month frequency of either zero or 100%.
iv. Of all drought indices studied here, the rPDSI values are the most sensitive to the mean climatic conditions at a given station. This is explained by the dependence of rPDSI on both precipitation and temperature, which are strongly negatively correlated, thereby widening the spectrum of drought-specific climatic conditions over all stations. As a result, the whole weather series in a larger number of stations may be classified as totally dry (all months fall into drought spells) or totally wet (no drought spell occurs) when using the rPDSI. This, however, does not imply a problem for the between-station or between-period comparative studies.
The results of the climate-change impact analysis indicate:
v. Changes in the rSPI values closely follow changes in precipitation (which is not surprising given that the SPI is based on a transformation of a precipitation sum accumulated over a given period). As the precipitation is predicted to decrease in summer and increase in both winter and spring, drought risk tends to increase (decrease) in the respective season. Since the rSPI-1 is not affected by persistence, the seasonality in drought changes indicated by the rSPI-1 directly follows the seasonality of the precipitation changes. On the other hand, drought changes indicated by the rSPI-12 follow the projected annual precipitation changes, which are only minimal.
vi. Changes in the rPDSI, which is influenced by both precipitation and temperature (temperatures are predicted to increase under all climate-change scenarios), indicate an increased drought risk for all stations under all climate-change scenarios.
Because of the dependence of drought on temperature, we think that the rPDSI is more appropriate (when compared to the rSPI) for use in assessing the potential impact of climate change on future droughts.
vii. Two approaches to assessing the impact of climate change on drought conditions were employed. In the first approach, the drought indices were calibrated using an aggregate of observational data from all stations and were then applied to both the present-climate and future-climate weather series for each individual station. In the second approach, the drought indices were calibrated using observational data from a given station and then applied to the future-climate weather series obtained by modification of that station data according to the climate-change scenario. While the former approach allows for between-station comparisons of drought conditions and assessment of their spatial shifts due to climate change, the latter approach allows the user to assess how the values of drought indices will change in the future with respect to the local present-climate conditions (which local users may find more useful, compared to the former approach).
The present climate-change impact analysis was performed for five GCM-based climate-change scenarios, which were related to the end of 21st century. These GCMs were run applying a single emission scenario-SRES-A2, which is considered to be the most pessimistic amongst the four marker SRES emission scenarios, as this particular emission scenario assumes the highest CO2 increases. Therefore, changes in drought conditions may be correspondingly lower for less pessimistic emission scenarios or for less distant future.
